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Artificial neural network for photon selection.

Dmitry Bandurin
Abstract

Artificial neuralnetwork for selectiorof photoncandidate#n theCentralandEndcalorime-
ter region is describedn this note. We testthe network on the dataand Monte Carlo
Z — ee events. Thebuilt neuralnetwork is appliedto calculatethe directphotonpuri-
tiesfor someselectectutson the neuralnetwork outputvalue. In conclusionwe shav

locationof the built network andreferto the codethatdemonstratéhe network applica-
tion.



1 Introduction.

When discriminatingbetweenphotonsand backgroundparticles(7® aswell as the neutraldecay
channelof  and K? mesons)e faceatypical (for high enegy physics)patternrecognitionprob-
lem. The standardprocedurefor solving sucha problemis the introductionof relevant cutsin the
multi-dimensionaldata. Nowadaysthe applicationof a software-implementedrtificial neuralnet-
work (ANN) for patternrecognitionis well known andusuallygivesthe resultsthat are superiorto
corventionalapproacheg3] —[7].

Thereis a wide spectrumof photonselectioncriteria that have beenextensiely studiedby Photon
ID groupfor the currentpl7 release.They aredescribedn detailin this D@ note[1]. Oneof the
purposef this note is optimizationof their applicationby building ANN that, on the one hand,
would allow oneto specify a criterion for increasingthe photonpurity and, on the otherhand,to
determinea photonfraction (purity) in theselectedsample.

For this aim we aregoingto keepideologyof papen[2] andsplit thesetof all availablevariablesinto
two subsetsthe first subseto be appliedfor the photonpreselectiorandthe secondonefor ANN
training.

2 General description of ANN.

ANNSs areoften usedto optimizea classification(or patternrecognition)procedureandwasapplied
to mary patternrecognitionproblemsin high enegy physicswith a notablesuccess.They usually
have moreinput thanoutputnodesandthusmay be viewed asperformingdimensionalityreduction
of inputdataset.

The ANN approachis a techniquewhich assignsobjectsto variousclasses.Theseobjectscanbe
differentdatatypes,suchasa signaland a backgroundn our case. Eachdatatype is assignedo
a classwhich in the context of the given paperis 0 (zero)for the background QCD events)and 1
(unity) for thesignal(directphotons).Discriminationis achiezed by looking atthe classto which the
databelongs. The techniquefully exploits the correlationamongdifferentvariablesand providesa
discriminatingboundarybetweerthe signalandthe background.

ANNSs have anability to learn,rememberndcreaterelationshipsamongsthe data. Therearemary
differenttypesof ANN but the feedforwardtypesaremostpopularin the high enegy physics.Feed
forward implies thatinformation canonly flow in onedirectionandthe outputdirectly determines
the probability thatan event characterizedyy someinput patternvector X (z1, 2, ...z, ) is from the
signalclass.

2.1 Mathematical modd of the neural network.

The mathematicamodelof the NeuralNetwork (NN) reflectsthreebasicfunctionsof a biological
neuron:



e sumup all the information arriving at inputs of
thenode/neuron;

Output node

¢ if sumis greatethansomethresholdfire neuron;

e afterfiring, returnto the initial stateandsenda
signalto eachof the neighboringneuronsin the

Hidden nodes

network.
Theneuronwith thesecharacteristicgs known asanel- Input nodes X,
ementaryperceptron.The perceptrons a simple feed
forward systemwith several input connectionsand a Fig. 1. Neuralnetwork with onelayer
singleoutputconnection. of hiddenunits.

Mathematicallythe outputcanbewritten as

1
O(z1, 2, ...7p) = g(T szxz +0). (1)
Hereg is anon-lineartransferfunctionandtypically takesthefollowing form (sigmoidfunction)
1
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(21,29, ...z,) is theinput patternvector O is the output,w; andd areindependenparametersalled
weights(which connectthe input nodesto the outputnode)anda thresholdof the outputnode. Pa-
rameterg = 1/7 is calledinversetemperatur@anddefinesthe slopeof g.

The patternvector z; is multiplied by the connectiorweightsw; so that eachpieceof information
appearsat the perceptrorasw;z;. Thenthe perceptrorsumsall the incominginformationto give
> w;z; andappliesthetransferfunction g to give the output(see(1)).

In afeedforward NN a setof neuronshasalayeredstructure.Figure2.1 shaws the feedforwardthe
NN with onehiddenlayerthatis usedhere.In this casethe outputof NN is

1 1
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wherew;;, is theweightconnectingheinputnodek to thehiddennode; andw;’s connecthehidden
nodesto theoutputnode.f; andd arethethresholdof the hiddenandthe outputnoderespectrely.

2.2 Learning of the perceptron.

Thebehaior of aperceptrons determinedy independenparameterg&novn asweightsandthresh-
olds. Thetotal numberof independenparametersn a neuralnetwork with a single layeris given
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by:
Nind: (Nin+Non) 'Nhn+Nht+Not (4)

wherel;, is anumberof input nodes,N,,, is a numberof outputnodes,N,,, is anumberof nodes
in a hiddensinglelayer, Ny; is a numberof thresholdsgn a hiddensinglelayer, N,; is a numberof
outputthresholds.

Learningis the processof adjustingtheseN;,,; parameters.During learningevery perceptronis
shavn examplesof whatit mustlearnto interpret.lt is fulfilled onthetraining setconsistingof two
parts:training data(a collectionof input patterngo the perceptronanda training target, which is a
desiredoutputof eachpattern.

Mathematicallythe goal of trainingis to minimize a measureof the error The meansquarederror
function E averagedover thetraining sampleis definedby equation(5)

Z Z ]7 t(P (5)

p—lz 1

whereQ; is theoutputof theith nodeof theNN in equation(3); ¢; is thetrainingtarget(in ourcase
for thebackgrouncand1 for thesignal); V,, is thenumberof patterngevents)in thetrainingsample;
N is thenumberof network outputs(lN = 1 for our case).

Thereare several algorithmsfor error minimization and weight updating. Most popularare Back

propagation, Langevin andManhattan methods.In the lastonethe weightis updatedduring the
learningby thefollowing rule V:

Wt41 = Wt -+ Aw (6)

Aw = —n - sgn[0E /dw] (7)

wherew is the vectorof weightsandthresholdusedin the network; ¢ (¢ + 1) refersto the previous
(current)training cycle andn is thelearningratewhich is decreaseth thelearningprocess.

3 MC and data samples.

In orderto train the neuralnetwork we have useddirectphotonsassignalandelectromagneti¢EM)
jets asbackgroundevents(also called asjust em-jets). The photoncandidatesn signalandback-
groundsamplesaretakenfrom the photon+jetandthe QCD eventspreselectedin orderto have high
final statistics)at the particlelevel [2], bothgeneratedn p17.09version.

In our study we have also usedreal data, selectedfrom “1EMIoose” skim provided by Common
Samplegroup. Thedataeventswereselectedo satisfya setof dataquality criteria: just runswithout

1) see[4] for amorecompletedescription



calorimeterandCFT problemswereconsideredmary earlyruns(upto 152649)areexcluded.There
shouldbe fired at leastone of the following EM triggers: EM_HI_SH, EM_HI, EM_MX _SH,
EM_MX, EM_HI _2EM5_SH,E1 SHT20,E2 SHT20,E3 SHT20,E1 SH30,E1 L50,

E1l SHT22,E2 SHT22,E3_SHT22,E1 SH35,E1 SHT25.

Beforetraining neuralnetwork, we have preselectesgignalandbackgroundeventsby the following
criteria. Photoncandidatesvereformedfrom electromagneticlustersof calorimetercells within a
coneof radiusR = /(An)? + (A¢)? = 0.2 with simple conealgorithm. To rejecteventswith
enegy measurementbiasedby calorimetermodule boundariesand structures photoncandidates
arerequiredto be in n and ¢ fiducial regions. Candidatesvere selectedf therewas significant
enegy fractionin the EM calorimeterdayers(EMfrac> 0.96), andthe probabilityto have a spatially
matchedrackwaslessthan0.1%, andthey satisfiedtheisolationrequirement/so = (Ejpzq:(0.4) —
Ernm(0.2)/Ernm(0.2) < 0.07, where Eyq1(0.4) is the total enegy in a conewith R = 0.4 and
Egn(0.2) is the EM enegy within R = 0.2. In CC region we have also limited from the top
the enegy weightedclusterphi-width in the finely-segmentedEM3 layer by Sigrphi < 14 cm?,
while in EC we have usedparametrizatiorSigrphi < 2.74n* — 16.3|n| + 25.0 aswell asSigrz <
5.96n% —30.6|n| +40.7. FortheCCregionwe have alsousedvariableshasenthecentralpreshaver
detecto{CPS):enepgy (E) weightedwidthsof CPSclusterERM S < 0.003 [1].

In addition,we have requiredthe eventvertex to bewithin 50 cm of the nominalcenterof thedetector
along z-axis andshouldhave at least3 associatedracks. We rejecteventshaving too large missing
E, by thecutE;”SS/p} < 0.65. Justeventshaving atleastonehadronicjet areselected.

Thefollowing four variableswereusedfor ANN training: scalarsumof transersemomentaof the
tracksthatarewithin 0.05 < R < 0.4 (HCO4_PT), the numberof EM1 cellswith enegy greater
than300 MeV thatbelongto the EM clustey fraction of EM clusterenegy depositecht EM1 layer
(againcalculatedor cellswith £ > 300 MeV), the scalarsumof the transersemomentaof tracks
within 0.05 < R < 0.4. We have alsoconsideregossibility of building network with a largertrack
isolationconeof 0.05 < R < 0.7 (HCO7_PT). The photonpurity derived with sucha network is
about10%betterthanwith hollow cone0.05 < R < 0.4 (Fig.16)while selectioneffciency dropsby
just 2%.

To verify the MC/dataagreementvith respecto thesevariableswe have testedthemonthe 7 — ee
events. The normalizeddistributionsof thosevariablesfor electrondrom the 7 — ee eventsin MC
anddataareshavn in Figs.2 and3. Electronsfrom Z° decayarerequiredto be within |14.;| < 1.0
(CC)or 1.5 < |nget| < 2.5 (EC),within Z invariantmasswindow |M;,,, — M| < 7 GeV, andwith
25 < p < 80 GeV.

Normalizeddistributions of the numberof signal and backgroundevents over samevariablesare
shavn in Figs.4 and5 for CC andEC regions,respectiely.

Insteadof directapplicationof cutson thesethreeadditionalvariablesthey wereusedto build ANN
thatcanaccumulatea power of all thevariablesandcriteriaonthem.ANN is thencanbeappliedfor
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Figure2: Normalizeddistributionsof the numberof eventsover threevariablesor Z — ee electrons
fromin MC (redfull line) anddata(blue dottedline) eventsin CC region (|74.¢| < 1.0).
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fromin MC (redfull line) anddata(blue dottedline) eventsin ECregion (1.5 < |ng4e:| < 2.5).
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anadditionalselectioncriterionandcalculationof photonpurity.

4 ANN training and testing.

Therea lot of softwarepackageshatreflectANN ideologyandhave beenappliedfor mary physical
applicationsWe have choseramongthemfor building ANN the JETNET packagd8] of version3.5
with ROQOT interface[8].

The Manhattanalgorithm [9] for weight updatingwas usedat the training stage. The network is
trainedto producel (unity) in caseof signal (direct photonfrom “~%" + jet” events)andO (zero)
in casebackgroundevents. We have taken just one hiddenlayer with five units. Thus, ANN with
architecture3-5-1is usedhere. To ensurecornvergenceand stability, the total numberof training
patterns(events) must be significantly (> 20 — 30 times) larger than the numberof independent
parametergivenin (4). For the ANN trainingin CC and EC regionswe have usedabout20 000
(30000) MC signalandabout7 000 (9 000) backgroundeventsfrom theintenal of 40 < pJ. < 60
GeVin CC(EC)regions,i.e. morethan100 patterngperaweight.

The ANN outputfor signalandbackgroundeventsfor photoncandidatesvin 40 < p). < 60 GeV
in CC is shavn in Fig. 6 andin Fig. 7 with photoncandidatein EC. The network outputfor the
datapreselectedy the samemain selectioncuts (section3) are also shavn on this figure (black
histogram).

To verify the MC/dataagreementthe built network was testedon the 7 — ee MC/dataevents.
As is seenfrom Fig. 8, the network shavs very good agreemenbn the MC/dataelectrons. For
example,the differencein the electronselectionefficienciesin CC region after cutson NN output
Onn > 0.7 turnedoutto be 91.7%for MC and90.5%for data. Thedifferenceof 1.2%canbetaken
asa systematiauncertaintyfor this Onxy cut. The outputfor ANN built for EC region is shavn in
Fig. 9. Theelectronselectionefficienciesfor cut Oy > 0.7 are93.8%and93.1%,in MC anddata
eventsrespectrely.

Figs.11 and10 shav dependencef electronselectionefficiency on electronpy for the cut Onn >
0.7 for CCandEC regions. Theefficienciesarecalculatedw.r.t. mainpreselectiorcriteriaof section
3.

At Figures12 and13 we presentheselectiorefficiency w.r.t. cutOxn > 0.7 asafunctionof p. for
aphotoncandidatén CC andEC regions. The threecurvescorrespondo directphoton,em-jetand
photoncandidate$rom data.Theefficienciesarecalculatedaftereventsselectionby setof maincuts
from section3.

5 Application: estimation of direct photon purity.

As anexampleof applicationof the built ANNSs, let usapplythemto obtaina directphotonpurity in
theselectedsamplesThe photonpurity (P), definedastheratio of signalto signalplusbackground,
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can be determinedstatisticallyfor eachp;. bin. We cando it using “template method” by fitting

sumof MC signalandbackgroundventsto data. Thefitting canbe performedusing TFractionFitter
programfrom ROOT packagebasedon HMCMLL [10] routinefrom HBOOK. Distributions of the
numberof eventsasa functionof Oxy (with Ony > 0.7) areshavn for dataandMC in Fig. 14 for

six p,. intervals. The MC signalandbackgroundeventsin this figure wereweightedby the fractions
of signalandbackgroundventsresultedrom thefit. The dataarewell describedy the sumof MC

signalandbackgroundsamplesith x2 /ndf < 1 for all p. intenals.

For thoseexamplesthe photonpuritiesaregiven at Fig. 15 by the middle line. Fig. 15 shaws also
dependencef directphotonpurity (found by fitting with the templatemethod)vs. p.. for othertwo
Onn cuts.

In Fig. 16 we comparethe directphotonpurity asfunctionof p7. for trackisolationinsidetwo cones:
R =0.4andR = 0.7 (caseof Oxn > 0.7 is considered).

6 Conclusion.

In this paperwe have considereda way of optimizationof PhotonID criteria[1] by building the
artificial neuralnetwork for photonsin CC andEC regions. Note, it is very importantthatthe con-
structedANNs work on the top of strongpreselectiorcriteria, describedin section3. Thus, the
signal/backgroundliscriminationwhich can be achiezed with ANN is additionalto that obtained
with the main preselectiortriteria.

We hopethatthe built network canbe appliedfor mary physicalapplicationsfor example,suchas
selectiomanddeterminatiorpurity in v+jet, v+ heavy flavor jet or v+ events.

More information and examplesof building, testingand applicationof ANN canbe alsofound at
www-pagehttp: //mww-dO.fnal.gov/ bandurin/MyHome/ann.htmi.

Theconstructed\NNs andexamplesof its usagecanbefoundatthis page:

http: //mmww-dO.fnal .gov/ bandurin/ANN_ Note/.

Herefile NNout_CC _hc04.C containsANN built usingtotal p;- of tracksinsideconeR = 0.4, EM

clusterpy fractionatEM1 layerandthenumberof EM clustercellsat EM1 layer(seesection3), file

NNout_CC_hc07.C containsanalogousANN built for coneR = 0.7, while NNout_EC_hc04.C

andNNout_EC_hc07.C describeANN donefor ECregion. File ANN_example.C shavs example
of the codethat usesone of thoseANNs and writes obtainedANN outputin an externalfile for

following analysis.
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Direct photon puritiesin CC from fit to data
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